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 Epileptic seizure prediction has garnered significant attention in recent years due 

to its potential to improve patient outcomes and reduce the burden of epilepsy. The 

integration of advanced machine learning techniques, particularly deep learning, 

into seizure prediction models has opened new avenues for research. Currently, 

epilepsy patients who have not achieved complete seizure control face the 

challenge of sudden and unpredictable epileptic seizures. A method capable of 

predicting seizure onset could significantly enhance the quality of life for these 

individuals. The fundamental basis of seizure prediction lies in distinguishing the 

preictal phase dynamics from other phases. In this study, phase synchronization is 

employed as an indicator for analyzing interactions between different brain regions 

and as a reliable metric for identifying the preictal period. Furthermore, seizure 

prediction horizon and seizure onset time are two critical factors in evaluating 

seizure prediction methods. Although previous studies have primarily used these 

temporal parameters for assessment, this paper incorporates them into a neuro-

fuzzy model, allowing for adaptive seizure prediction based on patient feedback. 

The implementation of the proposed model on intracranial EEG signals 

demonstrated that, across various time window values, sensitivity and specificity 

exceeded 70%. 
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1. INTRODUCTION 

Epilepsy is one of the most common neurological disorders, affecting approximately 1% of the global population 

[1]. This condition arises from excessive, abnormal, and spontaneous electrical discharges in the cerebral cortex, 

placing a significant proportion of epilepsy patients at risk of severe injury or even death. Currently, patients who 

have not achieved full seizure control face the challenge of sudden and unpredictable epileptic seizures. Beyond the 

serious risks associated with surgical intervention, many of these patients experience a profound sense of 

helplessness, which significantly impacts their quality of life. A method capable of predicting seizure onset could 

substantially enhance treatment options and, consequently, improve the quality of life for individuals with epilepsy 

[2]. 
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The fundamental premise of seizure prediction is the identification of a preictal phase. Significant changes in 

EEG dynamics have been reported within a time window ranging from a few seconds to several hours before seizure 

onset [3]. The most common approach for distinguishing the preictal phase from the interictal period involves the 

extraction of linear or nonlinear features from EEG signals. Since the objective is to predict an impending seizure 

rather than merely detecting its occurrence, the ictal and postictal phases are typically disregarded [4]. The 

emergence of nonlinear mathematical and physical system theories has introduced novel methods aimed at better 

characterizing system dynamics compared to linear approaches. However, a common limitation across these studies 

is their exclusive focus on distinguishing the preictal phase from the ictal phase, without assessing the interictal 

period. Additionally, the omission of statistical feature characteristics renders these studies incomplete in terms of 

providing a comprehensive evaluation for reliable seizure prediction [2]. 

With the advent of high-capacity memory storage, epilepsy monitoring centers have become capable of recording 

extensive datasets for pre-surgical monitoring. These centers aim to test and compare proposed methods using 

standardized datasets. Most studies in this domain have demonstrated the weak performance of univariate analysis-

based methods, whereas multivariate analysis approaches have yielded better results [2]. Multivariate time-series 

analysis involves the simultaneous recording of multiple observations over time to examine interactions between 

different components of a system [5]. Research has shown that, when distinguishing preictal from interictal (non-

epileptic) features, nonlinear classifiers outperform linear classifiers in terms of prediction accuracy. Furthermore, 

among nonlinear classifiers, those capable of adapting to the chaotic and stochastic nature of EEG signals achieved 

higher prediction accuracy. Consequently, given the online adaptability of predictive models, these classifiers are 

more practical for real-world applications [6-13]. 

In this study, long-term EEG data are utilized to quantify the interactions between different brain regions within 

specific frequency bands using the phase synchronization index. The extracted features are then classified into 

epileptic and non-epileptic categories in real time using the Gath-Geva neuro-fuzzy model. A methodology similar 

to [14] is employed for result evaluation, wherein the prediction algorithm is trained based on two temporal indices, 

Seizure Onset Prediction (SOP) and Seizure Prediction Horizon (SPH), which are used for performance assessment. 

It is expected that the proposed approach will yield satisfactory results across various temporal parameters. 

The remainder of this paper is structured as follows: Section 2 introduces the dataset and details the preprocessing 

steps. Section 3 describes the proposed methodology, including EEG frequency band decomposition, phase 

synchronization index extraction, optimal feature selection, final feature classification, adaptive seizure prediction, 

and evaluation methods. Section 4 presents the implementation results and performance analysis, while Section 5 

discusses the conclusions and final remarks. 

2. DATA AND PREPROCESSING 

This study utilizes data from the Freiburg Epilepsy Database. This database contains invasive EEG recordings 

from 21 patients with focal epilepsy. The recorded EEG data for each patient includes both epileptic and interictal 

samples. Specifically, the epileptic dataset consists of 50 minutes of EEG data preceding seizure onset, while the 

interictal dataset contains 24 hours of normal, non-epileptic EEG data. For each patient, six recording channels were 

selected: three electrodes positioned near the epileptic focus and three channels located outside the seizure focus 

[15]. 

For analyzing the recorded data, a moving window approach is employed. Each processing window consists of 

4,096 samples, corresponding to 16 seconds, with a 20% overlap between consecutive windows. After segmenting 

the EEG data into windows, preprocessing is performed using an 18th-order finite impulse response (FIR) low-pass 

filter with a cutoff frequency of 70 Hz to eliminate high-frequency noise. Additionally, an infinite impulse response 

(IIR) notch filter with a cutoff range of 49–51 Hz and a 16th-order design is applied to remove power line 

interference. 

3. PROCESSING, CLASSIFICATION, AND EVALUATION 

3.1. EEG Frequency Band Decomposition 
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To compute the phase synchronization index, it is necessary to extract the instantaneous phase of the signal using 

the Hilbert transform. Since recent applications of the Hilbert transform are primarily restricted to narrowband 

signals, the EEG signal is decomposed into frequency bands (delta, theta, alpha, beta, and gamma) using Hilbert-

Huang Transform (HHT) analysis. The steps of this technique are summarized as follows [16]: 

1. The EEG signal is decomposed into intrinsic mode functions (IMFs) using the empirical mode 

decomposition (EMD) algorithm. 

2. By applying the Hilbert transform to each IMF, the frequency content of each time sample is obtained. 

Since the original signal is reconstructed by summing the IMFs for each time sample, individual frequency bands 

can be extracted. For instance, to obtain the beta band, IMFs with frequency content ranging from 12 to 30 Hz are 

selected for each sample. The selected IMFs are then summed to reconstruct the beta-band signal. This process is 

repeated for the other frequency bands. 

3.2. Phase Synchronization Index 

To apply the phase synchronization index, it is necessary to extract the phase components of two signals from 

their respective time series. The Hilbert transform is a widely used technique for extracting the instantaneous phase. 

Considering an analytic signal z(t)z(t)z(t) as defined in Equation (1), the Hilbert transform ensures that the real part 

of the analytic signal, x(t)x(t)x(t), corresponds to the imaginary part of the analytic signal, y^(t)\hat{y}(t)y^(t). 

At this stage, after decomposing the EEG into frequency bands, the processing steps for each frequency band 

continue following the approach in [17]. Initially, the DC component of the signal is removed within each window. 

To mitigate edge effects, a Hamming window is then applied to the segmented signal. Subsequently, to address the 

discrepancy between the finite length of the data and Equation (2), the Hilbert transform is applied to the signal. 

After obtaining the instantaneous phase according to Equation (3), 10% of the computed phase values from both 

ends of the signal are discarded to minimize boundary effects. 

𝑧(𝑡) = 𝑥(𝑡) + 𝑖𝑦̂(𝑡) = 𝐴(𝑡)𝑒𝑖𝜃(𝑡)        (1) 

𝐻[𝑥(𝑡)] ≡  𝑦̂(𝑡) =
1

𝜋
𝑃𝑉 ∫

𝑥(𝜏)

𝑡−𝜏
𝑑𝜏

∞

−∞
           (2) 

𝜃(𝑡) = 𝑡𝑎𝑛−1(
𝑦̂

𝑥
)          (3) 

One of the multivariate analysis techniques involves utilizing the concept of phase synchronization [18]. In this 

approach, the set of instantaneous phases obtained in the previous step is stored in an index vector φ for each time 

window. Before computing the phase synchronization index for two oscillatory systems (i.e., two recorded 

channels), it is necessary to determine the phase difference between the two systems using Equation (4). 

𝜑𝑛,𝑚
12 (𝑡) = |𝑛𝜑1(𝑡) − 𝑚𝜑2(𝑡)| = 𝑐𝑜𝑛𝑠𝑡.       (4) 

The integers n and m specify the frequency locking ratio, indicating at which multiples of the phase components 

the synchronization between the two oscillatory systems occurs. The term 𝜑𝑛,𝑚
12 (𝑡) represents the generalized phase 

difference or the relative phase between systems 1 and 2. In this measure, no constraints are imposed on the signal 

amplitudes. In other words, phase synchronization between two coupled systems implies a relationship between their 

phase components, while their respective amplitudes may remain uncorrelated [18], [17]. 

To quantitatively assess the degree of synchronization, the mean phase coherence measure [19], based on the 

conditional probability index, is employed. Accordingly, the mean phase coherence for N observed samples from 

two oscillatory systems (1 and 2) with a frequency ratio of n:m=1:1 and a sampling rate of 
1

∆𝑡
 is defined using the 

relative phase values obtained from Equation (4), as formulated in Equation (5). 
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𝑅1,2 = |
1

𝑁
∑ 𝑒−𝑗𝜑1,1

12 (𝑗∆𝑡)𝑁−1
𝑗=0 |            (5) 

In this study, instead of computing 𝑅1,2 for two EEG channels, we calculate the phase coherence index for the 

delta frequency band between EEG channels 1 and 2, denoted as 𝑅1,2
δ . The same measure is then determined for the 

other frequency bands (theta, alpha, beta, and gamma) between channels 1 and 2. 

Furthermore, in general, there exist M×(M−1)/2 unique, non-redundant EEG channel pairs. For instance, in this 

study, where six channels are used to record signals for each individual, a total of 15 possible channel pairings are 

available for computing features in each frequency band. Consequently, by considering the phase synchronization 

index for each distinct channel pair, a set of indices can be stored in a matrix (6), which defines the spatial-frequency 

pattern for each individual. 

𝐹𝑒𝑎𝑡𝑢𝑟𝑒𝑠 =

[
 
 
 
 
 𝑅1,2

δ , 𝑅1,2
ϑ , 𝑅1,2

α , 𝑅1,2
β

, 𝑅1,2
γ

𝑅1,3
δ , 𝑅1,3

ϑ , 𝑅1,3
α , 𝑅1,3

β
, 𝑅1,3

γ

⋮

𝑅5,6
δ , 𝑅5,6

ϑ , 𝑅5,6
α , 𝑅5,6

β
, 𝑅5,6

γ
]
 
 
 
 
 

15×5

       (6) 

3.3. Optimal Feature Selection 

It is well understood that an excessive number of indices increases computational complexity and significantly 

raises the likelihood of false alarms. Conversely, it can be asserted that major dynamic changes, arising from the 

interactions of different brain regions, consistently manifest in specific oscillators or, more precisely, in particular 

brain regions before the onset of a seizure. This observation suggests that only certain indices effectively reflect the 

dynamic changes associated with epileptic seizures. 

Therefore, it is crucial to select a subset of the 75 features that enables highly accurate seizure prediction. To 

achieve this, we first evaluate the strength of the relationship between epileptic and non-epileptic indices using the 

Spearman correlation coefficient statistical test. Subsequently, indices exhibiting minimal correlation with one 

another (i.e., those with near-zero correlation coefficients or statistically significant differences between the two 

groups) are selected as optimal indices [20]. 

 
Fig. 1. Block Diagram of the Proposed Model Training 

3.4. Classification of Extracted Features and Adaptive Prediction of Seizure Attacks 

In this study, a fuzzy clustering-based classifier is used. A common issue with fuzzy clustering algorithms is their 

limitation in offline applications. Therefore, using offline-mode algorithms with long-term data leads to increased 

computational complexity and significant time consumption. Additionally, in practical applications, predictive 

models must adapt over time to track changes in system behavior. To address this, we propose a fuzzy recursive 

clustering-based neural-fuzzy model for distinguishing epileptic from non-epileptic features [6]. 
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Due to the advantages of Gath-Geva clustering over K-means clustering in terms of its ability to form different 

shapes of clusters, and its superiority over Gustafson-Kessel clustering in producing clusters of varying sizes, Gath-

Geva clustering is used as the basis for the fuzzy recursive clustering algorithm [6]. 

The basis for prediction is to continuously alert the patient within a time frame before the onset of a seizure. The 

length of this time frame is equal to the seizure prediction time (p). In seizure prediction, an ideal warning system 

should differentiate the pre-seizure period from the seizure and normal periods. As shown in Figure 1, if the extracted 

features in each time window are denoted as f[n], the model output c[n] will be either +1 or -1, depending on whether 

the patient is in a pre-seizure or non-seizure state. In online models, due to the causal nature of the system, all non-

seizure windows are labeled as -1, and the labeling of the pre-seizure period is determined through feedback from 

the patient at the moment the attack begins. Therefore, when the patient experiences a seizure, at the moment the 

seizure begins, an indicator for the attack’s occurrence must be triggered. Then, based on the two time features 

specified in the evaluation method of this paper, all windows from 𝑝𝑚𝑎𝑥 − 𝑝𝑚𝑖𝑛  before 𝑝𝑚𝑖𝑛up to the start of the 

attack are labeled as +1. 

It is important to note that in online training algorithms, there is a delay of 𝑝𝑚𝑎𝑥 between the training and testing 

samples. In the case of the ENFM classifier, at the nth moment, the model is trained based on the input 𝑓[𝑛 − 𝑝𝑚𝑎𝑥] 
and the output 𝑐[𝑛 − 𝑝𝑚𝑎𝑥]. Using the trained model, for each input f[n], an output c[n] is obtained. The method for 

selecting p_max and p_min is explained in the following section. 

 
Fig. 2. Concept of SOP and SPH Intervals 

 

3.5. Seizure Prediction Evaluation 

An ideal prediction approach would be able to pinpoint the exact moment of a seizure; however, such ideal 

behavior is not expected from current prediction methods. This uncertainty in determining the exact time of the 

attack is expressed by defining an interval in which the seizure is expected to occur (seizure occurrence period or 

SOP) (Figure 2) [14]. Additionally, in order for preventive measures (such as medication, electrical stimulation, or 

simply issuing alerts to avoid dangerous situations) to be applied effectively, the period between the warning and 

the beginning of the SOP is crucial (seizure prediction warning or SPH). It is expected that no attack occurs during 

this interval. 

A noteworthy point is that during the training process of the neural-fuzzy model, the delay time p is determined 

based on the SOP and SPH time intervals. Specifically, the time interval in which the model output is labeled as +1 

after detecting the attack corresponds to the SOP interval (𝑝𝑚𝑎𝑥 − 𝑝𝑚𝑖𝑛), and the duration from the end of this 

interval to the onset of the attack is equivalent to the SPH duration (𝑝𝑚𝑖𝑛). Therefore, it is expected that the predictive 

system is properly trained for each SOP and SPH defined. 

The performance of the seizure prediction algorithm is evaluated using statistical metrics such as sensitivity and 

specificity (7), (8), which are detailed below: 
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(a) 

 
(b ) 

Fig. 3. Results for Patient 1, (a) Sensitivity and specificity for different SOP and SPH values  

(b) Model output for SOP=20 and SPH=40 (Sensitivity: 98.9%, Specificity: 80.04%) 

 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
         (7) 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =  
𝑇𝑁

𝑇𝑁+𝐹𝑃
         (8) 
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Output Prediction Categories Based on SOP and SPH 

Given the previously defined SOP and SPH ranges, the prediction output can be categorized into one of the 

following four outcomes: 

If c[n] = 1 and at least one seizure occurs within the SOP range after SPH, then it is a true positive result. 

If c[n] = 1 and no seizure occurs within the SOP range after SPH, then it is a false positive result. 

If c[n] = 0 and no seizure occurs within the SOP range after SPH, then it is a true negative result. 

If c[n] = 0 and at least one seizure occurs within the SOP range after SPH, then it is a false negative result. 

4. IMPLEMENTATION AND RESULTS ANALYSIS 

The results of the proposed model are presented for four epileptic patients in this study. Given the online nature 

of this model and the need for a correct evaluation of the prediction performance, approximately 5 hours of non-

epileptic EEG data were added at the beginning of each seizure event, and the evaluation is only performed after the 

second seizure event. Therefore, evaluation takes place after the second seizure until the end of the data collection 

period. 

In this study, the output of the fuzzy-neural classifier (ENFM) was compared with a threshold, and if the value 

exceeds the threshold, an impending seizure warning is issued. In an automatic feedback system, this threshold is 

adjusted to achieve sensitivity and specificity values above 80%, if possible. 

To achieve optimal performance, the sensitivity and specificity results of the proposed model were obtained for 

various SOP and SPH values: 60, 50, 40, 30, 20, 10, and 5 minutes, as shown in Figures (3), (4), and (5). As shown 

in Figure (3-a), Patient 1 achieved good results for medium SOP and SPH values, with sensitivity of 98.94% and 

specificity of 80.04% for an SOP of 20 minutes and SPH of 40 minutes. The model output for these values is shown 

in Figure (3-b), where seizure events are marked with vertical red lines, and true positive, false positive, true 

negative, and false negative results are marked in green, red, blue, and yellow, respectively. 

 
(a) 
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(b ) 

Fig. 4. Results for Patient 10 

• (a) Sensitivity and specificity for different SOP and SPH values. 

• (b) Model output for SOP = 60 minutes and SPH = 20 minutes (Sensitivity: 81.61%, Specificity: 69.75%). 

 

 
(a) 
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(b) 

Fig. 5. Sensitivity and Specificity Results for Patients 2 and 12 for Different SOP and SPH Values 

In the analysis of Figure 4-a and Figure 5, the following trends were observed: 

Patient 2 performed well with higher SOP and lower SPH, or vice versa (low SOP and high SPH), yielding 

acceptable results. 

For Patient 10, the best performance was observed with SOP = 60 and SPH = 20 (Figure 4-b). 

For Patient 12, excellent results were obtained for most SOP and SPH values, except for those with low SOP and 

low SPH. 

Overall results across the 4 patients showed that under optimal conditions (best SOP and SPH), the average 

sensitivity reached 89.89% and specificity reached 81.18%. 

5. DISCUSSION AND CONCLUSION 

This research utilized the phase synchrony index between pairs of EEG channels across different frequency bands 

to capture brain region interactions. By employing this index, a neuro-fuzzy model was developed to predict seizures 

adaptively based on the attack occurrence window and prediction window. The results indicated that for most SOP 

and SPH values, statistical features of sensitivity and specificity exceeded 70%. 

The analysis also highlighted that increasing the prediction window duration could be more beneficial for subjects 

in preventing the consequences of an attack. On the other hand, reducing the attack occurrence window helps in 

reducing patient stress and anticipation. 

In future research, it's suggested to design an algorithm for determining the optimal SOP and SPH values to 

further enhance the performance of the proposed model and improve the prediction system. 
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